Visual perceptual learning (VPL) can lead to long-lasting perceptual improvements. 
plasticity at intermediate levels of motion processing. Moreover, we found that motion 48 VPL is specific to the trained stimulus direction, speed, size, and contrast, highlighting 49 the pivotal role of basic visual features in VPL, and diminishing the possibility of non-50 sensory decision-level enhancements. Taken together, our study psychophysically 51 examined a variety of factors mediating motion VPL, and demonstrated that motion VPL 52 most likely alters visual computation in the middle stage of motion processing. 53 54 55
INTRODUCTION 56
A large body of evidence has shown that the human visual system can gain long-lasting 57 perceptual improvements following several sessions of perceptual training. This 58 phenomenon, called visual perceptual learning (VPL), has been an active area of research 59 because VPL is a remarkable demonstration that human vision can remain plastic even in 60 adulthood 1,2 . Numerous studies have revealed training-induced perceptual improvements 61 on a wide range of visual tasks, including low-level contrast and orientation 62 discrimination tasks 3,4,5,6 , mid-level motion and form tasks 7, 8, 9 and even high-level 63 object and face recognition tasks 10, 11 . 64
While the robustness of learning effects is well established, debate persists with 65 respect to the mechanisms underlying VPL. Early psychophysical work found that 66 learning effects are usually confined to the trained parameters 6, 12 . Such strong specificity 67
suggests that VPL most likely takes place within low-level visual areas (e.g., V1 or V2) 68 since neurons therein exhibit narrow ranges of spatial and feature selectivity (e.g., 69
orientation, motion direction). Recent evidence, however, challenges this idea by 70
revealing an increasing number of cases where the transfer of VPL is viable to novel 71 stimulus conditions and tasks 13, 14 . This is consistent with an involvement of higher-level 72 visual areas, wherein neurons usually respond to larger spatial areas and more complex 73 stimulus features. Some studies even suggest the contributions from the brain areas that 74 process non-sensory attributes. For instance, perceptual learning might manifest as the 75 change of decision variables encoded in the prefrontal cortex 15 . Alternatively, perceptual 76 learning might facilitate encoding of abstract concepts representing basic visual features 77 (e.g., orientation and contrast) 16 or lead to a better set of task-specific rules 17 . Given that 78 these theories postulate changes beyond canonical sensory mechanisms, we refer to them 79 as 'non-sensory' learning processes. 80
The task of linking VPL to specific brain areas is complicated by the complex 81 functional specializations of the brain. The brain includes multiple brain regions that are 82 organized into a coarse, but richly interconnected hierarchy 18, 19 button press (e.g., left vs. right in this case). 148 149
Stimulus and task settings 150
Participants were randomly assigned into two groups -one group trained on component 151 motion (grating; N = 8) and another group trained on pattern motion stimuli (plaid; N = 152 6). All participants were tested and trained on a two-alternative forced choice motion 153 direction identification task (Figure 2 ), reporting the perceived stimulus motion direction 154 via key press. Auditory feedback was provided after each trial during the training phase 155 but not at pre-/post-test (to minimize learning effects in pre-/post-test). To facilitate 156 fixation, we used the following fixation sequence ( Figure 2 ): a fixation circle (0.8° 157 radius) appeared after each key press response and, the circle shrank to 0.13° over 200 158 ms, remained at that size for 360 ms, and then disappeared 360 ms before stimulus onset. 159
We found in our previous work that this dynamic fixation sequence was very effective in 160 guiding eye gaze to the center of the screen before the stimulus onset 34 . The inter-trial 161 interval was 1000 ms. 162 
Experimental procedures and Data analysis 212
Pre-and post-test consisted of six randomly ordered blocks corresponding to different 213 stimulus conditions (the trained stimulus, plus 5 additional stimulus conditions, as 214 described above). In each block, stimulus durations were controlled by two 80-trial 215 interleaved staircases (a 2-down-1-up staircase and a 3-down-1-up staircase), yielding 216 160 trials for each threshold estimate. The initial starting durations for two staircases 217
were 100 ms and 110 ms, respectively. Pre-and post-test measurements were conducted 218 on day 2 and day 7, respectively. On day 1, each participant completed a practice phase 219 that was identical to the pre-and post-test battery, except that each block consisted of 220 only 60 trials. The purpose of this practice day was to help stabilize pre-test 221 measurements. The perceptual training lasted four days (days 3-6). On each day, 222 participants completed seven 100-trial blocks, resulting in a total of 28 training blocks. 223
For the first training block on the first training day (day 3), the initial starting durations 224 for the two staircases were 100 ms and 110 ms. For all subsequent training blocks, the 225 initial stimulus durations were the durations in the final trials of two staircases in the 226 previous training block. All participants completed these seven experimental sessions 227 within 14 days. 228
To estimate duration thresholds for each pre-and post-test condition, we fit 229
Weibull psychometric functions to 160 trials of raw data using the maximum likelihood 230 method, estimating the thresholds at 82% correct. (1)
233
where threshold pre and threshold post indicate duration thresholds for the corresponding 234 pre-and post-test stimulus conditions. We used paired t-tests for comparisons of pre-and 235 post-test thresholds and for comparison of PI across stimulus conditions. One-sample t-236 tests were used for assessing the statistical significance of PI against the null hypothesis 237 of 0% PI. All t-tests were two-tailed and performed using Matlab Statistical and Machine 238
Learning Toolbox. thresholds. This is expected given the faster apparent speed of plaid 245 stimuli and known effects of stimulus speed on temporal duration 246 thresholds 36 . Error bars are SEM across subjects. 247 248
RESULTS

249
Effective perceptual learning for both component and plaid stimuli 250
We first examined whether our training procedure was sufficient to result in perceptual 251 improvement. Here, for each group, we compared pre-and post-test thresholds for the 252 trained stimulus condition. The results revealed significant improvements in thresholds 253 The main focus of this paper is to examine the transfer of perceptual learning to a range 261 of diagnostic stimulus conditions. A two-stage criterion was used to assess transfer of 262 learning. First, we concluded that learning transfers to a stimulus condition if the pre-263 /post-test difference on this condition was statistically significant. If a stimulus condition 264 passed this first test, then we compared its PI to the corresponding trained condition (i.e., 265 either trained component or trained plaid). If the transfer PI was significantly smaller than 266 the trained PI, the result was described as a "partial transfer". Alternatively, if the PI for a 267 transfer condition was not statistically smaller than the PI for its corresponding trained 268 condition, we referred to it as "complete transfer", according to an established convention 269 in VPL research 13, 16, 17 . 270
The key aim of this study was to determine whether perceptual training leads to 271 plasticity within low-level component-dependent motion processing or middle-level 272 pattern-dependent motion processing. To be precise, component-dependent plasticity 273 predicts that training on a component motion stimulus should only transfer to the plaid 274 composed of the trained component gratings, and that training on a plaid stimulus should 275 only transfer to its two constituent components ( Figure 5A-B) . On the contrary, pattern-276 dependent plasticity predicts that training on a component motion stimulus or on a plaid 277 motion stimulus that moves in the same directions should mutually transfer to each other 278
(Figure 5C-D). 279
Our results were consistent with plasticity in pattern-dependent mechanisms. First, 280 perceptual training on a component grating significantly reduced the duration thresholds 281 on the plaid that moved in the same apparent direction as the trained grating ( Figure 5E  282 left panel, pre-/post-test, t(7) = 2.88, p = 0.0237; Figure 5F For instance, participants might learn motion directions as abstract concepts 16 or be more 332 familiar with the general task statistics (e.g., stimulus timing, stimulus-response 333 association 17 ). In this case, plasticity takes place in higher brain hierarchy that is 334 independent of the sensory processing. To further delineate the plasticity in the sensory 335 ( Figure 6A-B) or the non-sensory processing ( Figure 6C-D) , we examined the tolerance 336 of our training across several other forms of stimulus variations, i.e., direction, speed, 337 size, and contrast. The prediction is that if the plasticity is largely limited to sensory 338 processing, learning should be confined to the trained stimuli; otherwise learning effects 339 will transfer irrespective of the variations in other stimulus features. 340
The results indicated a notable specificity to stimulus variations. In the 341 component-training group, we did not find significant transfer for trained and test stimuli 342 that differed in motion directions ( Figure 6E left panel, pre-/post-test, t(7) = 1.886, p = 343 0.101; Figure 6F left panel, PI, t(7) = 2.016, p = 0.084). We also found no significant 344 transfer to test stimuli that have smaller size ( Figure 6E left panel, pre-/post-test, t(7) = 345 1.308, p = 0.232; Figure 6F Taken together, we find that motion VPL is specific to stimulus direction, speed, 357 size, and contrast. These results demonstrate that our training has strong susceptibilities 358 to variations in basic visual features. Such strong dependencies indicate that a broadly 359 tuned non-sensory learning mechanism unlikely plays an important role in observed 360 learning because it predicts a broad transfer over variations in low-level stimulus features. 361
Note that we cannot completely eliminate the possibility of changes in sensory readout 362 mechanisms since, theoretically, a refined readout mechanism can be sensitive to changes 363 in sensory features 37, 38 . Nonetheless, these results suggest the pivotal roles of basic 364 stimulus features in perceptual learning of motion. VPL, to our knowledge, no studies employed an experimental design that allowed 418 distinguishing between plasticity at low and at the middle levels of motion processing. 419
For instance, VPL studies typically relied on random-dot-kinematogram stimuli or 420 trained subjects on fine direction discrimination tasks 7, 42, 43 . Studies that used gratings 421 only tested contrast thresholds for coarse motion direction judgments 44 . 422
Our study also constrains theoretical models of VPL. Two distinct computational 423 frameworks of VPL have emerged so far, where learning either improves the quality of 424 sensory encoding or optimizes high-level readout and decision mechanism that can in 425 turn promote perceptual sensitivity. Empirical evidence, however, is highly contentious. LIP, but minimal changes in neural activities in area MT. This study advocates a 434 mechanism beyond the sensory-representation level, where training results in a more 435 efficient extraction of useful sensory information rather than in an enhancement of 436 sensory representations per se. In contrast, recent fMRI studies found that motion VPL 437 refines the cortical tuning of the human MT, emphasizing the pivotal role of enhancement 438 at sensory-representation level 48, 49 . Notably, the mechanistic role of high-level cognitive 439 influences in sensory processing is still largely unknown. Previous studies have suggested 440 at least two broad categories, mechanisms that are sensory (e.g., selective readout) and 441 those that are non-sensory (e.g., conceptual learning, rule-based learning). While 442 disentangling between these higher level processes is beyond the scope of this paper, the 443 observed specificity to basic stimulus features argues against non-sensory cognitive 444
factors. 445
What are the possible neural underpinnings of the observed empirical findings in 446 the present work? We surmise that several mechanisms may coexist and interact. First, 447 because training on a plaid motion stimulus does not fully transfer to its two components 448 
